Abstract Population distributions of health emerge from the complex interplay of health-related factors at multiple levels, from the biological to the societal level. Individuals are aggregated within social networks, affected by their locations, and influenced differently across time. From aggregations of individuals, group properties can emerge, including some exposures that are ubiquitous within populations but variant across populations. By combining a focus on social determinants of health with a conceptual framework for understanding how genetics, biology, behavior, psychology, society, and environment interact, a systems science approach can inform our understanding of the underlying causes of the unequal distribution of health across generations and populations, and can help us identify promising approaches to reduce such inequalities. In this paper, we discuss how systems science approaches have already made several substantive and methodological contributions to the study of population health from a social epidemiology perspective.
Introduction
The structural factors that shape societies influence the health of populations within those societies. In the 19 th century, Durkheim observed that the rapid industrialization of European cities paralleled a shift from collectivism to individualism, a shift that was associated with population variations in suicide rates among these societies [1] . Nearly a century after Durkheim, Geoffrey Rose reminded epidemiologists that B(s)ociety is not merely a collection of individuals but also a collectivity, and the behavior and health of its members are profoundly influenced by its collective characteristics and social norms^( [2] , p. 62). It is social epidemiology's interest in understanding the influence of such phenomena (e.g., collectivity, social arrangements, norms) on population health that differentiates it both epistemologically and often analytically from the more general field of epidemiology.
The field of social epidemiology has amassed a substantial body of literature examining associations among social structures, public policy, health, and illness [3] [4] [5] . Many of these findings have maximized techniques such as multilevel regression, which model the independent and interactive effects of variables across multiple levels of causes on health and illness [5] . These models consider the nested sources of variability within groups of people (e.g., households in neighborhoods), but they are not necessarily able to explore how the structure and interconnectivity of these relationships produce this common variance. Social learning theory [6, 7] and social impact theory [8] , among other theoretical frameworks, suggest that group norms are simultaneously shaped by and shape the behaviors of individuals within the group. While regression models may be appropriate to evaluate the unidirectional, linear, effects that social structures have on individual health outcomes, the feedback processes common in the mechanisms that drive population health patterns often produce This article is part of the Topical Collection on Social Epidemiology nonpredictable, nonlinear, effects and violate regression model assumptions. Hence, traditional regression models often offer inadequate tools to examine feedback processes between factors at multiple levels and mechanisms by which these processes are translated into disease and disorder.
This constraint inherent to traditional regression model has generated an interest in applying systems science approaches to understanding population health. A systems science approach to epidemiology begins with the assumption that societies form a complex adaptive system. Scott Page [9•] explains that these systems are characterized by Bsituated, adaptive, diverse individuals whose interactions produce higherorder structures (self-organizing) and functionalities (emergence)^. Each system is situated within spatial and temporal boundaries that influences how people both interact and learn behaviors from others. The interaction among people and social structures over time determines the dynamics of the system, consequently driving population health. Therefore, a systems science approach to epidemiology provides the theory and analytics necessary to examine the social production of health and illness [10, 11••] .
Recent reviews have comprehensively discussed the systems science armamentarium, including: social network analysis [12•, 13-15] , systems dynamics models [14] [15] [16] , and agent-based models (ABM) [12•, 14, 15] . We do not aim here to replicate this work or to provide a systematic review of this literature but rather to discuss key papers that exhibit both the methodological and substantive contributions that a systems science approach has already made to social epidemiology. In this paper, we first introduce the key methodological contributions that the systems science armamentarium can make to the study of population health, including: (1) modeling processes of assortative selection and social transmission of disease; (2) addressing issues of interference among people that alter intervention effects; and (3) modeling latency periods and feedback processes. We then examine substantive contributions that a systems science approach can make to understanding three aspects of population health: (1) processes that generate inequalities in health; (2) feedback processes between individuals and societies that shape population health; and (3) hypothetical points of interventions that can obtain optimum improvement in population health.
Methodological Contributions
The burgeoning use of systems approaches to model interdependence is an exciting area of scholarship in epidemiology. These methods represent an evolution from earlier mathematical techniques (e.g., differential equations) and have been employed since the late 1990s in infectious disease epidemiology [17] [18] [19] [20] and are now increasingly incorporated in chronic disease [21] and social epidemiology [22] . Because system science methods are well suited to model the complex social phenomenon that drive population health patterns, these methods have been used to address key methodological constraints that arise in the study of population health. We discuss three methodological issues that systems science methods address, including: (1) assortative selection and social transmission of health behaviors; (2) the influence of interference in health interventions; and (3) time lags and feedback between system structures that shape population health patterns.
Assortative Selection and Social Transmission of Health Behaviors
Although it is well known that health behaviors and disease aggregate through social networks, the processes that give rise to social networks and how those processes in turn also influence health remain less clear. Networks often form, but not always, based on similar backgrounds and life experiences [23] . This affinity for individuals within a system to live among people with similar characteristics can create homogenous sub-groups and alter ecological landscapes. In addition, niche theory has been applied in several fields of science [24] [25] [26] [27] to describe a generalized feedback process whereby people responding to available resources begin to actively shape those same resources, creating specialized Bniche^re-lationships between person and resource. Paul Gruenewald [27] has used niche theory to explain how sub-groups, with homogenous consumer alcohol preferences, have contributed to a segmented commercial market where drinking venues (e.g., bars, pubs, nightclubs) must compete for an ever more specific part of the population. As drinking venues market their services towards a very particular clientele, they promote homophily among their patrons, a phenomenon that Gruenewald has called assortative drinking [27] . These venue-based clusters of drinkers share social norms and behaviors. As such, niche theory suggests that high-risk drinking venues will arise that segregate and reinforce risky drinking behaviors within drinking networks.
Gorman and colleagues [28] used an ABM to illustrate the role of niche venues in the assortative processes of selection into social networks. Susceptible drinkers, current drinkers, and former drinkers moved around a simulated grid one step at a time. When both a susceptible and current drinker became co-located, Bsocial influence^converted suscetibles to drinkers. As susceptible drinkers transitioned into current drinkers based on social influence, current drinkers transitioned into former drinkers through a random process. Simulation results indicated that current drinkers moving at random will spread evenly over the entire area and that a single current drinker in an area would eventually convert all susceptibles to current drinkers over time. In the second experiment, a Bbar^was introduced to the grid to attract current drinkers (i.e., current drinkers were more likely to move towards the bar), which altered the distribution of drinkers throughout the grid. This feedback between individual selection of contexts and interactions due to personal preferences, and environmental influences on the individual, shaped individual-level behaviors and population disease burden.
Model Processes of Interference that Influence Intervention Effects
In epidemiology, we identify causes of disease in order to then mitigate their effects. However, the impact of an intervention to reduce the consequences of a cause on a potential outcome is often not only defined by an isolated effect on an individual, but also by the effect such an intervention has on a set of interconnected individuals. Systems science approaches offer us tools to explicitly model the contribution that interference makes to intervention effects. Inference, in most epidemiological contexts, refers to the process through which an individual's exposure status in the study influences another's outcome value; traditional regression techniques assume that there is no interference between units [29] , but that is often not a realistic assumption.
A series of recent studies that evaluated interventions to promote active travel (e.g., walking, cycling) illustrate the potential of systems science approaches to account for the role of interference in shaping intervention outcomes. Yang and colleagues employed an ABM to simulate several structural interventions that could target the walking behaviors of both school-aged children [30•, 31] and adults [32, 33] . Interventions ranged from improving traffic safety [30•, 31 ] to reducing residential segregation [33] . These simulations showed that the impact of the interventions depended on the changes in behavior it produced in the local social network. For example, in one study that examined several hypothetical interventions targeting children's walking behavior to and from school, each household's decision to either drive their child or allow their child to walk to school evolved over time as a function of their child's attitudes towards walking, traffic safety, and distance to school [31] . Furthermore, children's attitudes about walking were shaped as a function of the total proportion of children who walk to school-the study conceptualized this dynamic process between the proportion of children walking to school and each child's attitudes about walking as alterations to social norms [31] . This study found that an intervention strategy that targeted a small area around schools with greater intensity proved more effective at increasing active travel among students than interventions that targeted a greater area with lower intensity. The study findings suggest that the targeted high-intensity strategy converted those students living closest to school from drivers to walkers, and with more children walking to school, the school's social norms about walking changed [31] . This finding that peer networks contributed substantially to the effectiveness of interventions is well supported in the empirical literature [34, 35] , and illustrates how modeling processes of interference (rather than assuming they do not exist) can give us greater insight into the mechanisms through which interventions can have an impact, and into the transportability of interventions across different settings and populations.
Model Latency Periods and Feedback Processes
Systems science approaches can be used to model the influence that different assumptions about latency periods and feedback processes can have when examining the influence of social exposures on health. Latency periods and feedback processes are closely linked. The latency period refers to the period of time that follows first exposure or intervention and ends with measureable effects. During this time, feedback processes may alter social structures to influence population dynamics. Because structural interventions often require from months to years to reach optimum benefits, systems science methods can be used to compare the latency periods for competing interventions.
Marshall and colleagues [36•] , for example, used an ABM to compare both the effectiveness and time lag of four hypothetical intervention scenarios and Bhigh-impact^combina-tion prevention scenario on reducing HIV incidence in an urban population. Each agent in this model was assigned to be either injection drug users, noninjection drug users (i.e., used drugs, other than marijuana, through noninjection modes of consumption), or non-drug users in proportions that matched the sexually active adult population in New York City. The study modeled assortative linking between agents, such that partnerships were weighted to favor the formation of links between agents with similar characteristics, and linked agents could transmit HIV to each other either through engaging in sexual intercourse and, if both agents used injection drugs, sharing syringes. Persons in the acute stage of HIV infection had the highest risk for HIV transmission. Each of four potential intervention strategies (i.e., increased HIV testing, improved access to substance abuse treatment, increased use of needle exchange programs, scaled-up treatment as prevention) and high-impact combination scenario was evaluated to estimate HIV incidence from 2012 to 2040. The study found the high-impact combination prevention to offer the greatest reduction in HIV incidence over time. Furthermore, the reduction observed from the high-impact combination prevention in 15 years was greater than the reduction from any single intervention over 28 years. Systems analytics could provide a useful tool for chronic disease epidemiology because of the long latency periods inherent to chronic diseases [21] ; however, this has yet to be fully realized.
Case Study: The Role of System Science in Evaluation of the Drivers of Health Disparities A central goal of epidemiological practice is to identify, describe, and explain health inequalities both within and between populations. Epidemiologic framework such as ecosocial theory [37] , eco-epidemiology [38] , or social-ecological systems perspective [39] , provide the structure to understand the causes and processes that drive variations in population health and disorder. What these frameworks share in common is an explicit multilevel, dynamic process, whereby population health is shaped by the social structures that contain it. As such, health inequalities arise from social, economic, and political practices that different populations are born into, develop, and function within throughout their life course.
The drive to understand the processes that shape population health, and to identify the pathways that connect macrosocial factors to patterns of health, have traditionally relied on a range of archival and survey data on social factors and health conditions at multiple levels, and on the use of analytic approaches such as multilevel models for the investigation of linear, unidirectional, relationships between these factors and individual health states. Yet the relation between macrosocial factors and population health is not necessarily unidirectional. Rather, from the collective actions of individuals, social structures and population dynamics emerge, that then influence the individuals who comprise them.
A systems science framework can make three critical contributions to understanding the macrosocial production of health, it can help us: (1) model how health inequalities shape population health; (2) understand feedback between microand macro-level processes; and (3) identify targets for intervention to reduce inequalities in health. These contributions are not mutually exclusive properties existing within systems science, but rather steps that can be taken by epidemiologists who employ systems science to identify health inequalities, determine what causes these inequalities, and provide informed prevention strategies to ameliorate such health inequalities.
Identifying Health Inequalities
Health inequalities are differences in health states that arise from differences in biology, environment, and social interactions among people or groups. Inequalities that arise from the social, economic, and political practices that create differential access to resources and opportunities have been of central interest in social sciences including social epidemiology. Systems science approaches can help us identify these underlying determinants of illness to address population health and health inequalities. They can do so in two ways. First, in systems approaches, macro-level patterns of health are not defined, but emerge from the characteristics and behaviors of individuals embedded in different contexts and defined by their relations to each other. In this way, such approaches force us to identify the processes at multiple levels that give rise to observed patterns of inequality. Second, with systems approaches, we can simulate a series of counterfactual scenarios, holding everything in the model constant and varying only one parameter. By doing so, we can identify contextual factors that modify an intervention's effect on population health.
A recent study we conducted on the neighborhood drivers of racial/ethnic inequalities in homicide illustrated how contextual factors, such as residential segregation, might reduce the effectiveness of more proximal interventions in reducing inequalities [40] . From 2009 through 2013, the annual rate of homicide among African Americans was over five times higher than their non-Hispanic white counterparts [41] . Sampson and colleagues [42] have argued that associations between racial segregation and violence are largely mediated by collective efficacy, defined as Bsocial cohesion among neighbors combined with their willingness to intervene on behalf of the common good^. We created an ABM that reflected the sociodemographic characteristics of the adult population in New York City and evaluated whether increasing collective efficacy across all neighborhoods (i.e., a population-based strategy) or focusing on the most violent neighborhoods (i.e., high-risk prevention strategy) resulted in greater reductions in overall rates and ethnic inequalities in violent victimization. Although simulations showed that a population-based prevention strategy lowered overall rates of violent victimization, neither the population-based nor highrisk prevention strategy reduced inequalities. We were concerned that this failure to reduce inequalities in homicide may be due to segregation of Blacks into low-income neighborhoods, which would, in the long term, reduce collective efficacy and continue to drive higher rates of homicide. We thus simulated the same interventions under three alternative scenarios: (1) complete racial/ethnic residential segregation across the city; (2) intermediate segregation; and (3) no segregation. Racial/ethnic inequalities in victimization were only reduced through the elimination of residential segregation. This study illustrates how, by using a system science approach to simulate a series of different interventions under a range of counterfactual scenarios of segregation (something we would never be able to observe in the real world), we were able to visualize how targeting proximal risk factors could fail to reduce health inequalities if we did not address the fundamental drivers of health inequalities [43] .
Understanding Feedback
Systems science analytics are particularly well suited to understand the influence of feedback between micro-and macro-level processes on population health and health inequalities. Ladyman and colleagues [44] explains that B(a) part of a system receives feedback when the way its neighbors interact with it at a later time depends on how it interacts with them at an earlier time^. Consider a series of neighborhoods, comprised of heterogeneous households, where each household prefers to live near neighbors that share a recognizable characteristic (e.g., Black v. White). Each household's decision to stay in their current neighborhood or relocate to a new neighborhood depends on the characteristics of their current neighbors, but after the household makes a decision to stay or relocate, its neighbors will make a similar decision in response to their neighbors' movement. An early example of the application of systems science approaches to the generation of residential segregation dynamics illustrated this process [45] , showing how household preferences about location can give rise collectively to population segregation and neighborhood tipping points. In this model, every unit membership was assigned into one of two permanent and recognizable groups (i.e., Black and White ethnicity). Through a series of discrete intervals each unit evaluated their current situation and decided whether to stay in their current location or relocate to a new area based on whether the color mixture in their current space was acceptable. This study contributed two important findings about the drivers of residential segregation. First, each unit is constantly affected by the decisions of others; irrespective of a unit's decision to stay or relocate, everybody else's movements will affect each unit's location prior to the next interval, precipitating future movement. Second, it is through this iterative process that the behavior of micro-level units gives rise to macro-level phenomena (segregation).
Several studies have used systems science approaches to examine the influence of place-related factors on creating health inequalities [28, 46, 47] . An illustrative example relates to the influence of place-related factors on food preferences. It has been proposed that reduced access to healthy and affordable foods in low-income neighborhoods likely helps shape differences in food preferences between low-and high-income households [48, 49] , forming a feedback loop between individual behavior and neighborhood markets whereby availability drives preferences, which then affect availability. To identify the drivers of income inequalities in diet, Auchincloss and colleagues [47] employed an ABM that assigned households and stores behaviors based on their access to healthy foods and customers, respectively. In this model, each household's decision to shop at a store was driven by food price, distance, and preferences for healthy foods, whereas stores decided to change location and food type in response to their customer base. Through this feedback, Auchincloss and colleagues refuted the hypothesis that inequalities in diet reflect difference in food preferences between low-and high-income households by finding that only under a starting condition of total segregation was this true. Next, Auchincloss and colleagues used the segregation scenario where income differentials in diet emerged (i.e., total segregation) to examine under what conditions healthy food prices and preferences could overcome or exacerbate the effects of segregation on healthy diet. In this series of experiments, the currently patterned segregation of healthy food stores to high-income areas could be reversed by simultaneously changing food preferences among low-income households and reducing food prices. Although these models do not require the explicit specification of interventions that can simultaneously shift both food preferences and prices, they provide evidence that synergistic interventions will be required to ameliorate the currently patterned health inequalities.
This in silico experiment by Auchincloss and colleagues [47] examined the interdependencies between household choices and business decisions, and that dynamic feedback over time between the changes in household choices and business decisions give rise to either salubrious or deleterious household health behaviors. In addition, studies have documented that these re-enforcing feedback cycles produce and maintain contextual factors that influence physical activity and built environment (e.g., walking routes) [32, 46] , violent victimization and racial/ethnic segregation [40] , and alcohol consumption and density of alcohol retailers [27] . As these examples illustrate, systems science methods can be used to ask questions about the dynamic mechanisms through which macrosocial determinants of population health produce health inequalities.
Improving Interventions
Finally, systems science can help us identify targets for intervention to reduce inequalities in health. While many of the previous examples have tested plausible policy interventions to reduce health inequalities related to violent victimization [50•] , physical activity [31] , and diet [47] , the following models were explicitly built to optimize interventions and inform future policy decisions. Several of these models were built to represent a very specific population or geographic area [51] [52] [53] ; however, this specificity comes at a cost to generalizability-that is, the closer a model is built to represent a specific population or location, the less likely its findings will be generalizable to other societies with different mobility patterns, structural factors, and distributions of individual-level risk factors. As such, some studies aim to examine more fundamental processes to increase their generalizability.
Systems sciences approaches can be used to identify hypothetical points of intervention that will obtain optimum improvement in population health. Previous models have compared individual-versus structural-level interventions [31, 54, 55] , active versus passive interventions [56] , and primary versus tertiary prevention [50•, 57, 58] . In one study, we investigated whether a population-level violence prevention intervention (i.e., hot-spot policing) or an individual-level treatment intervention (i.e., cognitive behavioral therapy [CBT]) contributed to a greater reduction in the burden of violencerelated posttraumatic stress disorder in urban areas [50•] . In this model, we observed an equally slight reduction in the annual prevalence of violent victimization from implementing either hot-spot policing for 10 years or increasing CBT by 100 % for 30 years; however, the joint implementation of hot-spot policing and a 50 % increase in CBT resulted in a similar reduction in just 5 years. Our observation that interventions can work synergistically to obtain optimum improvement in population health has been replicated across several similar studies that have employed systems science methods [33, 46, 47, 57, 59] . Because the development, implementation, and long-term evaluation of community health interventions can be costly, ABMs have provided a particularly attractive opportunity to sequentially evaluate several competing interventions to determine those most likely to provide population health benefits.
Conclusions
Traditionally, in public health and other sciences, we have looked to behavioral risk factors that vary within populations as potential manipulable exposures that cause poor health, and there have been calls to move even further Bdownstream^to examine individual differences in biological factors. Yet such approaches fail to consider the drivers of risk factors, macrosocial determinants of health that create and maintain inequalities. System science approaches offer both the theory and the tools to examine structural and macrosocial factors, allowing us to hypothesize and theorize about the fundamental drivers that shape health and how we might intervene on them in effective ways both to improve population health overall and to reduce health inequality. Further, without systems approaches to analyses, we violate assumptions regarding independence, interference, and linear effects, potentially leading to the wrong answers to questions of public health relevance. The years to come will be an exciting time for complex systems modeling in social and chronic disease epidemiology, as more scholars are trained in these methods and technical and methodological innovation continue to push the field forward. Increasing recognition that the systems that underlie the generation of our data are critical to answer questions regarding how to improve population health will improve our science and our ability to intervene for a healthier society.
